In this paper, we consider the power allocation of the physical layer and the buffer delay of the upper application layer in energy harvesting green networks. We analyze the delay-optimal power allocation problem over fading channels. The total power required for reliable transmission includes the transmission power as well as the circuit power. The harvested power (which is stored in a battery) and the grid power constitute the power resource. The objective is to find a policy to minimize the buffer delay under the constraint on the average grid power. The policy is a two-dimensional vector with the transmission rate and the power allocation of the battery as its elements. In each transmission, the transmitter decides the transmission rate and the allocated power from the battery (the rest of the required power will be supplied by the power grid). A constrained Markov decision process (MDP) problem is formulated when the data arrival process, the harvested energy arrival process, and the channel process are Markov processes. We prove that the optimal policy can be obtained as follows. First, we solve the optimal rate through a reduced MDP problem that is only related to the average harvested energy but not the harvested energy arrival process. Second, the battery's power allocation can be given based on the optimal rate. By analyzing the reduced MDP problem through the transformations to the average cost MDP and discount optimal MDP, we derive some structural properties of the optimal policy. Moreover, the closed-form expression is obtained for the independent and identically distributed (i.i.d.) cases.
I. INTRODUCTION
Rapid wireless communication industry development has led to a dramatic increase of energy consumption in wireless networks, and such an increasing energy consumption produces a series of energetic and environmental problems. Recently, green communications, which aims at enhancing energy efficiency and carbon emission reduction, have received considerable attention [1] , [2] . In the energy-efficient design for wireless communications, the total energy consumption includes not only the transmission energy but also the circuit energy consumption [3] .
As a preferred choice supporting green communications, energy harvesting techniques such as photovoltaic solar cells become popular for the ability to prolong the lifetime of the battery and the lifetime of wireless networks thereby. There have been a lot of researches in wireless networks with energy harvesting nodes. In [4] , an optimal energy management policy for a solar-powered sensor node was proposed. The policy uses a sleep and wakeup strategy for energy conservation. In [5] , throughput optimal and mean delay optimal energy management policies were studied for a single energy harvesting sensor node. The Shannon capacity of an energy harvesting sensor node transmitting over an AWGN channel was obtained in [6] . In [7] , the optimal binary transmission policies were studied under independent and identically distributed (i.i.d.) Bernoulli energy arrivals. In [8] , the long-term average communication reliability optimization problem was studied for the system of energy-harvesting active networked tags (EnHANTs).
Resource allocation is a fundamental problem in wireless communications [9] . Generally, resource consumption reduction and quality of service (QoS) improvement are two conflicting objectives in a resources allocation problem. There has been some interests in analyzing the power allocation and delay performance from the cross-layer perspective. In [10] , the tradeoff between the average required power for reliable transmission at physical layer and the mean delay at the network layer was studied in fading channels. The adaptive control policies utilize information on both the queue state and channel state, and some structural results for the optimal policy were derived. In [11] , the authors derived improved results upon these obtained in [10] . They considered the optimization problem aiming to minimize the delay in the transmitter buffer under an average transmitter power constraint. The existence of stationary average optimal policy was proved and some structural results were got. In [12] , the fading channel was simplified to a static channel, and the explicit optimal control policy was characterized.
In [10] - [12] , only the transmission power is considered. However, as shown in [1] , the transmission strategy changes when taking the circuit power into account. Then a natural problem is what about the power and delay when considering both the transmission power and circuit power. Meanwhile, as energy allocation of the battery plays a central role in the transmission strategy of energy harvesting nodes, how the energy allocation strategy of the battery will affect the power and delay?
In this paper, we consider the power allocation in the physical layer and delay performance in upper application layer in green wireless networks with energy harvesting nodes. The data are generated in the application layer, and placed in a buffer at the transmitter. The transmitter periodically removes some data from the buffer, and transmits the data to the receiver. The required power for reliable transmission takes both the transmission power and circuit power into account, and the power resource makes up of the harvested power and grid power. The harvested energy arrives randomly, and there is a constraint on the average grid power. The objective is to minimize the average delay in the buffer with a constrained average grid power and random battery energy. Since the required power for each transmission can be supplied from both the battery and the grid, the policy is two-dimensional, i.e., the rate as well as the allocation of the battery energy (the grid power allocation is then the total required power minus the allocated battery power), in the formulated optimization problem.
Specifically, the main contributions of the paper can be summarized as follows.
• We consider the delay-optimal power allocation in the framework of green communications, where the power comes from both the power grid and harvesting devices. When the data arrival process and the harvested energy arrival process are Markov processes and the channel process is a Markov chain, we formulate the problem as a constrained Markov decision process (MDP) problem, in which the state and action are defined. The state includes the queue state (i.e., queue length in the buffer), the battery state (i.e., the stored energy in the battery), the channel state, the data arrival, and the harvested energy arrival. The action consists of the transmission rate and the power allocation from the battery. • We prove that the optimal policy can be obtained as follows. First, choose the optimal rate by solving a reduced constrained MDP problem, which is only related to the average harvested energy but not the harvested energy arrival process. Then, according to the optimal rate, the allocation policy of the harvested energy is given. To solve the reduced constrained MDP problem, it is converted to be an average cost MDP and discount cost MDP, and some structural properties of the optimal solution are derived. The upper and lower bounds of the optimal rate are obtained. Morover, the closed-form optimal rate is derived for the i.i.d. settings. The remainder of the paper is organized as follows. In Section II, the system model is described, and we formulate the MDP problem. Next, the formulated problem is analyzed in Section III. Simulations are performed in Section V. Finally, Section VI concludes the paper.
II. SYSTEM MODEL AND PROBLEM FORMULATION
We consider a slotted-time model of a point-to-point block fading channel. The length of a time-slot is τ units. The nth time-slot is the time interval [ nτ, (n + 1)τ ) . The channel gain remains static in each slot, and changes between different slots. The sequence of the channel gains is a finite-state ergodic Markov chain {H[n]}. As shown in Fig. 1 , at the end of the n-th slot, the higher layer generates A[n] packets and they are stored in a buffer before transmission. It is assumed that each packet is with b bits and {A[n]} is a finite-state ergodic Markov chain. We assume that the transmitter is equipped with an energy harvesting device and it can also get power from the power grid. The harvested energy arrives at each end of the slot according to a finite-state ergodic Markov chain {E[n]}, and the harvested energy will be stored in a battery before consumption. There exists a long run average constraint on the grid power at the transmitter. During the n-th time-slot, the transmitter choose R[n] packets from the buffer and transmits to the receiver. We assume the AWGN at the receiver is with zero means and variance σ 2 . In green communications, the total power required for reliable transmissions of r packets in a time-slot is [1]
where x is the system state that will be defined later, ρ ≥ 1 is a constant, θ = 2 ln(2)b N with N being the channel uses in each time-slot, and ∆(r) = C, r ̸ = 0; 0, r = 0. Particularly, ρ = 1 and C = 0 when no circuit power is taken into account. In the transmission during the n-th time-slot, the transmitter allocates W [n] power from the battery, and the rest power will be supplied by the power grid. Denote Q[n] as the queue length of the buffer at instance nτ , the evolution equation for the buffer length is
Assume that the battery capacity is sufficiently large. Denote the battery's stored energy at instance nτ as E b [n], then the evolution equation for harvested energy in the battery can be given by
In this paper, we denote the system state as
Define a policy π = (π 0 , π 1 , · · · ) that generates an action (r[n], w[n]) with a probability [13] , [14] at instant nτ . We denote the set of all policies as Π. Assume that the harvested energy has been discretized. Let
A stationary deterministic policy is π = (g, g, · · · ), where g is a measurable mapping from X to R(x[n]) × W(x[n]). Our objective is to find a policy that minimizes the mean buffer delay under the long run constraint on the grid power, P . The optimization problem (i.e., the constrained MDP) is given by
where P grid [k] is the power from the power grid,
and the subscript x = (q, h, a, e b , e) ∈ X denotes the initial system state.
III. ANALYSIS OF THE OPTIMAL POLICY
In this section, we first investigate how to derive the optimal policy. We prove that the optimal rate and optimal battery power allocation can be obtained successively in Section III.A. Then, we analyze the properties of the optimal rate in Section III.B.
A. The optimal policy
We obtain the optimal rate by solving a reduced MDP problem. Based on the optimal rate, the optimal battery power allocation is derived. The optimal policy can be given by the following theorem. Theorem 1. WhenP ̸ = 0, the optimal policy is (r * , w * ) where r * = (r * [0], r * [1] , · · · ) is the optimal solution for
where
And
Proof:
according to (1) , we first analyze the constraint on
Observe that (9) becomes looser compared with the original constraint, but we will show that it does not affect the optimal solution. Then, the action W [k] should reach its upper bound to get the largest feasible set of the optimization problem, i.e.,
τ . Thus, lim sup
.
. Consequently, the constraint becomes lim sup
We can reduce the state to be x ′ and X ′ [k] in the left part of (10). Meanwhile, the initial state can be reduced to be x ′′ and the superscript π can be removed in the right part of (10). Based on the above analysis, we claim the optimal r * is the solution of (6). When the optimal rate allocation r * is obtained, the optimal w * can be given by (8) .
In solving r * , we consider the average power constraint on the total transmission power (7a), and we do not consider the step power constraint on the total transmission power
can always hold when we allocate the harvested power according to (8), i.e., we put the step constraint P (X[k], R[k])− W [k] ≥ 0 in the allocation of the harvested power. That is to say, even when considering P (X[k], R[k]) − W [k] ≥ 0, (r * , w * ) with r * given by (6) and w * given by (8) is also the optimal policy. When we loosen the constraint on P (X[k], R[k]) to be in average form as L π ′ x ′ , we obtain the optimal rate r * . We claim r * is also feasible in the original constraint if we set a proper power allocation policy for the battery (e.g., (8) ). That is because since the grid power has no constraint in one step, the grid power can always complements the gap between the battery power and the required power for r * in each step and there is no waste of battery's energy, i.e., no overflow. Therefore, r * is optimal for the original problem. Then the proof of the theorem completes.
Remark: In (3), K π x is the constraint on the average power from the grid,
is the constraint on the step energy (or power) from the battery. And the total power can be obtained from both the grid and battery in each step (i.e., (5) ). As the battery's capacity is large enough, the constraint on P (X[k], R[k]) can be averaged (see L π ′ x ′ in (7a)) while solving the optimal transmission rate.
From (7a), we can see that the reduced problem (6) is only related to the average harvested energy but not the harvested energy arrival process. In addition, the policy is only the transmission rate in (6) . Thus, compared with the original problem (3), the optimization problem (6) has been simplified. In the following, by analyzing the solution of the reduced MDP (6), we derive some properties of the optimal rate.
B. Properties of the optimal rate
We prove that the optimal solution of the reduced MDP (6) can be obtained by converting the problem to an average cost MDP and a discount cost MDP thereafter.
, which is the average harvested power. In addition, denote P =P +P h . (6) can be re-expressed as
s.t.
Let f κ (x ′ , r) = q + κP (x ′ , r). Define the unconstrained problem corresponding to (11) as
Then, we can prove the following lemma that reveals the relation between the constrained and unconstrained problem.
There exists a κ > 0 for which the optimal policy obtained for (13) is also optimal for (11).
Due to the space limitation, the proof is omitted here, and so are all proofs thereafter.
Based on Lemma 1, the solution of (6) can be transformed to solve the unconstrained problem (13) . In the following, we focus on the solution of the unconstrained problem. As the unconstrained problem (13) is an average cost MDP, it can be studied by analyzing its corresponding discount cost MDP [15] . Define a discount cost MDP with discount factor ε ∈ (0, 1) corresponding to (13) for initial state x ′ = (q, h, a)
with value functioñ
) ]
. (14) 1) Existence of optimal stationary deterministic policy: First of all, the following lemma reveals the existence of optimal stationary deterministic policy for the unconstrained problem. Furthermore, it derives the relations between the optimal solution of the unconstrained problem and the optimal policy for the discount MDP. Lemma 2. There exists a stationary deterministic policy g 1 that solves (13) (i.e., optimal policy), and for any x ′ = (q, h, r) and given any sequence of discount factors converging to one, there exists a subsequence {ε m } of discount factors and a sequence x m → x ′ such that g 1 (x ′ ) = lim m→∞ g εm (x m ).
According to Lemma 2, by analyzing the properties of the discount MDP, we can obtain the properties of the optimal solution for the unconstrained problem.
2) Properties of optimal stationary deterministic policy: For each state-action pair (x ′ = (q, h, a) , r), let u = q −r, u ∈ {0, 1, · · · , q}. Then, u(x ′ ) defines a stationary deterministic policy. Before analyzing the unconstrained problem, we have the following results that will be utilized later. h, a) is increasing and convex in q.
In the following, we give the structural properties (Lemma 3 -Lemma 6) of the optimal policy for the unconstrained problem. 1, h, a) . The solution of (13) is u(q, h, a) = min{u * (q, h, a) , q}.
Lemma 4. u * (q, h, a) is non-decreasing in κ. ) . In addition, the optimal number of transmitted packets r * (q, h, a) = q − u * (q, h, a) is non-decreasing in q. A[n] and H[n] are i.i.d., T (u, h, a) is independent of (h, a). Define U (y) as the value of u that solves T (u) ≤ e θy ≤ T (u + 1), the optimal policy is u
Lemma 6. When
, the optimal solution is Fig. 2 . The mean buffer length performance for different initial queue length and battery energy. The pairs of initial queue length and battery energy are (9, 46), (5, 28) , (4, 5) , (1, 20) , and (2, 12) . . Then, we can see the impact of ρ and C on the optimal policy. When ρ > 1 or C > 0 (i.e., extra circuit power is considered), better channel condition is needed to serve all data, and the upper bound of the channel condition to serve nothing becomes larger. In another word, it is easier to serve nothing and harder to serve all. This can be proved as follows also. From (13) , ρ > 1 in addition with C > 0 (compared with ρ = 1 and C = 0) are equivalent to increasing κ. According to Lemma 4, u * will be non-decreasing. In other word, less data will be served.
IV. NUMERICAL RESULTS
In this section, simulation results are presented. First, for the scenario that no grid power is available, we apply the greedy strategy of the harvested energy, i.e., r(x) = min{q, P −1 ( e b τ )} in state x = (q, h, a, e b , e), where P −1 (·) is the inverse function of P (x, r) with respect to r. Next, we investigate the scenario with both grid power and harvested energy. For this scenario, based on the theoretical analysis, we propose the following radical policy: serving all the data in the buffer at each time-slot. If the required power is not greater than the battery power, then all the power will be supplied from the battery and no grid power will be used. Otherwise, allocate all the battery power, and the rest will be supplied from the power grid. That is to say, for state x = (q, h, a, e b , e), the strategy is (r = q, w = min{ e b τ , P (x, r)}). In all simulations, we set τ = 1, b = 1, N = 3, ρ = 1, and σ 2 = 1. Fig. 2 shows the mean buffer length performance with respect to initial queue length and initial battery energy. In the simulation, only the harvested energy is available and no grid power can be utilized (i.e.,P = 0), and we use the greedy strategy for the harvested energy allocation. The circuit power consumption is set as C = 1. We consider the i.i.d. case of H, A, and E. H takes values {0.4, 0.5, 1} with probabilities {0.3, 0.5, 0.2}, respectively. A takes 0 and 10 with equal probability 0.5. E takes values {0, 50, 100} with probabilities {0.3, 0.5, 0.2}, respectively. The initial queue length and initial battery energy are randomly generated. For each pair of initial queue length and initial battery energy, 10 6 time-slots are averaged. From the figure, we can see that the mean buffer length performance is almost irrelevant to initial queue length and initial battery energy. Consequently, in the following simulations, we set fixed initial queue length and . We set different circuit power consumptions C = 1 and C = 10, respectively. For eachH, 10 4 time-slots are averaged. Observe that the buffer length decreases harshly whenH is small, and whenH is above a certain value (e.g., 0.4 in the figure), the decrease becomes moderate. This can be explained as follows. First, we can find that P −1 (·) is increasing with h according to logarithmic relation. Then, the remaining buffer length u(
} will decrease with the increase of h almost obeying the minus logarithmic function trend (until once P −1 ( e b τ ) > q, u(x) = 0 and does not change with h. In this case, the mean buffer length will approximately be the average data arrival rate and almost be static with the increase ofH.), i.e., harsh for smallH and moderate for largē H. Meanwhile, we can see that lower circuit power assumption results in better buffer length performance. Fig. 4 plots the average grid power consumption with respect to the mean data arrival,Ā. We plot for different circuit power consumptions C = 1 and C = 40, respectively. In the simulation, we use the radical policy. A takes 0 and 2 * Ā with equal probability 0.5. The mean grid power is average over 10 5 time-slots. We can observe that whenĀ is small, the grid power consumption is zero. However, whenĀ is large the grid power consumption grows rapidly with the increase ofĀ roughly according to exponential relation. This can be explained as follows: whenĀ is small, the required power is small and the battery can supply the power. Then no grid power will be consumed. OnceĀ is large, the required power is much larger than the battery power, and the grid power becomes the main power source. Since the required power roughly varies with the transmission rate according to the exponential function, the grid power consumption varies exponentially withĀ. Furthermore, from Fig. 4 , it can be derived that ifĀ is less than some value, the grid power will be less than a certain value. Since the strategy in Fig.  4 is optimal for the buffer delay minimization without the average grid power constraint, ifĀ is less than a certain value to make the average grid power be no more than the constraint, i.e., the average grid power constant can be satisfied, then the strategy is also optimal when considering the grid power constraint. For example, whenP = 300, according to Fig. 4 , the strategy is optimal forĀ = 1, 2, · · · , 6. WhenP = 100, the strategy is optimal forĀ = 1, 2, · · · , 5. The reason is that when the average power grid plus the harvested power is large enough to serve all the data, the serving all is optimal. When P = 300, the average power grid plus the harvested power is large enough to serve all the buffer data with data arrival A = 1, 2, · · · , 6, so serving all the data is optimal. Fig. 5 illustrates the average grid power consumption with respect to the average harvested energy arrival,Ē. In the simulation, the strategy is same as that in Fig. 4 . A takes 0 and 10 with equal probability 0.5. E takes values {0,Ē/0.8} with probabilities {0.2, 0.8}, respectively. The mean grid power is average over 10 5 time-slots. It can be observed that the grid power consumption decreases with the increase ofĒ. Since the average data arrival is fixed, the average total required power is fixed. When there is more harvested energy, less grid power is allocated. The grid power consumption decreases according to a linear relation whenĒ is small, and whenĒ is greater than a certain value, no grid power is needed. It is because whenĒ is small, the battery power is not enough to support the transmission of all the data. W Take expectation over both sides of the equation, we observe that the average grid power is a linea function ofĒ. However, when it reaches a value, the battery power is enough to support the transmission with very high probability, and no grid power is needed with very high probability. Then, the average grid power becomes zero.
V. CONCLUSION In this paper, we have studied the power allocation of the physical layer in addition with the optimal mean buffer delay of the upper layer in green networks with energy harvesting nodes. The physical power allocation contains two aspects: power allocation from the power grid and power allocation from the battery. For the purpose of modeling and analyzing the conflicting relation between power and delay, we formulate a constrained MDP with a two-dimensional policy. We prove that the problem can be solved in two steps. In the first step, we obtain the optimal rate by a reduced MDP. In the second step, we derive the power allocation of the battery based on the results of the first step. Moreover, the reduced MDP is analyzed by studying the corresponding average cost MDP and discount cost MDP. Structural properties are derived, and optimal policies are obtained under special circumstances. Specifically, we derive the upper and lower bounds of the optimal rate, and we obtain the closed-form expression of the optimal rate under the i.i.d. circumstances.
